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The long-term effects of Mexico's conditional cash transfer program, PROSPERA, on poor households are of great interest to policy makers and academics alike. This paper analyzes the long-term effects on the welfare of the original participant households and their offspring, about 20 years after the inception of the program. To complement other studies that look into the effects on schooling and health, the analysis focuses on a utilitarian definition of welfare and employs two empirical strategies. The first uses the 1997-2000 experiment as the cleanest, albeit limited, source of variation. The analysis finds that by 2017-18, the offspring of original beneficiary households are more likely to have formed their own households, to have migrated to different localities, and to have more durable assets and larger consumption expenditures than their control counterpart.
The second strategy confirms and expands those findings using a difference-in-difference methodology based on the localities' rollout of the program and the age of the individuals, as a proxy of exposure. This second approach covers a much larger and representative sample, while also directly observing self-reported vulnerability in food consumption. The findings confirm the generally positive outlook in terms of durable assets and lower food vulnerability. Perhaps more interestingly and relevant for evaluating the success of the program is that it improved intergenerational mobility. Using the 1997-2000 experiment, the analysis finds that the young adults who benefited from the program improved with respect to their parents in education, assets holding, and income. They appear to be climbing the ladder of assets and income. This paper is a product of the Social Protection and Jobs Global Practice. It is part of a larger effort by the World Bank to provide open access to its research and make a contribution to development policy discussions around the world. Policy Research Working Papers are also posted on the Web at http://www.worldbank.org/prwp. The authors may be contacted at giacomo.degiorgi@unige.ch and the coordinators of the studies may be contacted at cavilaparra@worldbank.org.
I Introduction
The long-term analysis of Mexico's conditional cash transfer program (CCT), PROSPERA, constitutes a substantial resource for policy makers, and researchers alike. Mexico's world famous CCT PROSPERA (previously named PROGRESA and Oportunidades), with its focus on human capital investment in terms of health and education, has already inspired several programs around the globe and has shaped the way researchers, policy makers, and politicians interact on the implementation and evaluation of large policies. 1 Moving beyond the short-term analysis will give the opportunity to understand whether the short-term impacts translate into benefits in the long run, and not only for original beneficiary households but also, and most importantly, for their offspring. This analysis is crucial since one of the main goals of the program is to break the intergenerational cycle of poverty in which parents' conditions worked as a key barrier to their children's success in life. This would be a tremendous accomplishment of any policy and as such deserving of the greatest attention.
In this work, we study the long-term effects of the program by providing answers to the following questions:
1. Did the program improve the long-term welfare of participants?
2. Did the program contributed to break the cycle of poverty of participants and their offspring (intergenerational mobility)?
Answering these questions is not a simple task. To begin with, the concept of welfare is far from being unequivocally determined. 2 Atkinson (2011) and Deaton (2018) recently reignited a decades-long discussion about the proper way to define and measure such an elusive concept. Sen (1970 Sen ( , 1973 Sen ( , 1986 Sen ( , 2006 has played a leading role in this debate by challenging an utilitarian approach to welfare and rather promoting a capabilities approach based on the idea that outcomes or decisions (observable to the researcher) portray an incomplete picture of the actual well-being of the individual. The ample literature studying PROSPERA's benefits has looked into many different dimensions of an individual and household's life covering welfare from different perspectives. This paper is limited in that sense. We chose to focus on a consumption-based approach of welfare, which is more in line with the utilitarian view. The utilitarian perspective of welfare is justified by the fact that from an economics theory perspective, consumption is usually the main input in utility functions. 3 While we strive to employ a more comprehensive definition of welfare than one based only on consumption and labor 1 Appendix A gives a general description of the program. 2 The references to the conceptual definition of welfare do not intend to be exhaustive. They are just intended to give a small flavor of these remarkable authors' extensive work on the topic. 3 For example, in the motivation for the Nobel prize awarded to Angus Deaton in 2015: ...The consumption of goods and services is a fundamental determinant of human welfare.... https://www.nobelprize.org/nobel prizes/ economic-sciences/laureates/2015/advanced-economicsciences2015.pdf. supply, our analysis is complementary to other papers that are being produced as part of this set of studies, which look into education, health and occupational mobility. Also, at the time of writing, we are constrained by the data availability, while future work could include several other indicators as data become more available.
The consumption-based approach to welfare used in this paper will focus mainly on ownership of durable goods, while also proposing a measure of (imputed) non-durable consumption (food, personal products, and clothing). This is justified by the fact that consumption reflects a household's permanent income level and its resilience to shocks (Deaton and Zaidi 2002) . It also reflects better than income the household's life conditions. In fact, this explains why PROSPERA's targeting used a proxy-means test index based on household durables and household members characteristics to identify vulnerable households to be served (Skoufias et al. 2001 ). Secondly, we will look into measures of success by looking into labor market outcomes of those individuals that as children were encouraged by the program to stay enrolled in school. Finally, to look into the intergenerational transmission of poverty we look into measures of mobility in the percentile rankings, as in Chetty et al. (2014) of selected outcomes. Our definition of mobility is now fairly standard in the literature and focuses on the relative position in the outcome distribution of individuals with respect to their parents. In practice this means that we order our data in ascending order on the magnitudes of the outcome of interest for parents and offspring separately, this ordering would give us a relative position in the relevant distribution. We then compare the relative position of the parents to that of the offspring. If they have exactly the same position there is no mobility across generations; if those at the bottom see their offspring climb up the ladder, we have upward mobility; and the largest mobility would be found if the position of the parents were to be unrelated to that of the offspring.
In the best case scenario, we would find that by (i) allowing families to insure against temporary shocks, (ii) lifting incomes to higher and more stable levels, and (iii) through the investment in both physical and human capital (education, and health) the program can generate a virtuous cycle. This could be reflected in the investment and improvements of outcomes for beneficiaries and their offspring, potentially lifting future generations out of poverty. We defer to future work the extensions to other aspects and approaches to welfare analysis, while we already directly speak to a multifaceted strategy that includes multiple indicators (see for example Ravallion (2011) ), and measures of social deprivation, as the ones suggested by the National Council for the Evaluation of Social Development Policy (CONEVAL). 4 The second challenge we face is methodological. We should note here that a large part of the analysis focuses on the long-term effects of the original experimental design, which is the cleanest identification strategy and source of variation in this context, but comes at a high cost. Essentially, the experimental variation gives an early versus late treatment difference. This early-late dichotomy is just a little more than a year of extra transfers for the treated group, or about 9% additional resources available during the first period of the experiment as the control group began receiving transfers just after the initial experiment. This design therefore is more an intensive margin of treatment rather than an extensive one. 5 In a way, the estimated effects could be understood as lower bounds for the true effects out of an extensive treatment and therefore any positive effect should be taken as a success of the program given the limited variation in the available data. Importantly, we also implement an alternative research design which allows us to get closer to the treatment versus pure control exercise; in that approach we use the program sequential roll-out and individual ages to identify the effect of several years of treatment versus never directly treated status as those children older than 16 at the time of the introduction of the policy would not be directly exposed to it (or in any case to a much lesser extent as they would be unlikely to satisfy the age requirement for the conditional components).
The main effects of PROSPERA can be summarized as follows: (i) newly formed households, those of the offspring of the initial and original beneficiary households, see a substantial increase in their durable purchases in particular for entertainment and kitchen goods as well as for (imputed) non-durable consumption expenditures; (ii) original households do not appear to have a large increase in durables; and (iii) new households tend to locate in different localities than those where they lived in 1997 (usually where they were born). These results are consistent with the fact that the offspring of the original households are the direct recipients of the additional human capital both in health and education due to the program, therefore they appear to be on a different long-term development path than their control counterpart. In particular, we see that the largest effects are concentrated among those with the largest initial effects on human capital accumulation in the sample: those who were at the verge of dropping out of secondary school in 1997/98, i.e. those who were aged 11-16. We need to remind the reader that the experiment used for this part of the analysis lasted between 1998 and 1999. Hence, while it is possible that there could be large improvements in the very young children (e.g. aged 0-5 in our analysis), this would become evident in terms of assets by the time their human capital accumulation ends, which is not possible to observe in our exercise. In fact, when we look at a different data source and provide a complementary research design, in Section V.B, we find that the effects of PROSPERA are generally largest for beneficiaries affected since their developmental stages.
In terms of intergenerational and lifecycle mobility, we find that young adults who formed their own households fare substantially better than their parents in terms of schooling, assets, 5 The intensive margin refers to a comparison of receiving more with respect to receiving less. In contrast, the extensive margin refers to a comparison of receiving an intervention with respect to not receiving it. In our context, the group that was initially defined as the control, began to receive the benefits of the program in 1999. Hence, the treatment versus control comparison should be interpreted as one in which the treatment received more resources (9% more transfers in total) since their enrollment to the program was earlier (a little more than one year). This explains why we assume our comparison to be in the intensive margin. and income when compared to their control counterparts. These latter results are very encouraging, as exactly that was the aim of the policy. A program like PROSPERA should ultimately allow the next generation to thrive and climb the ladder of society, thus breaking the cycle of poverty. Finally, to estimate the benefits of PROSPERA throughout its existence, we provide a back-of-the-envelope exercise that draws upon Gertler et al. (2012) . We compute the effects on non-durable consumption expenditure for the 1997-1999 treated households compared to a control group that does not receive any transfer. Such exercise estimates an effect of about 25%, per adult equivalent, over the baseline consumption in 1997 (at 2017 prices).
The remainder of the paper includes a selected review of the literature (Section II); a description of the potential mechanisms through which the program can have long-term consequences on the lives of the original households as well as their offspring (Section III); a thorough description of the data employed (Section IV), and the empirical strategies adopted (Section V). We will then move on to the results in Section VI, and finally conclude in Section VII.
II Literature Review
In order to locate the contribution of our work in the now vast literature on PROSPERA we will mention below the more relevant papers on which we build upon. It is important to mention that there are several papers analyzing the short and medium term effects of the program on different outcomes of interest for our work. It would be beyond the scope of the current paper to have a fully exhaustive list of all the publications that over the past two decades have analyzed the program, we will just focus on a selection of studies closely related to our own. Despite the large literature, very few papers have looked into the specific aspects of long-term success that we focus on, in this sense we see our work as complementary to the amount of knowledge accumulated over the years for two main aspects: i. our main focus is on welfare through a standard definition of purchasing/consumption behavior; ii. needless to say we are interested in the long-term implications of the policy not solely in terms of looking at the 20 years of outcomes, but, perhaps more important, is our interest on the next generation or the offspring of original households involved in the program since its inception.
For example, there are a number of studies on the impact of the policy on the consumption profiles of beneficiaries (Hoddinott and Skoufias 2004) and non-beneficiaries De Giorgi 2009 and Angelucci et al. 2017) . These studies find robust evidence of increase in consumption of non-durables (food mostly) and to a lesser extent of durables for both recipient households and other family members residing in the same locality as the direct transfer recipients. Importantly, Angelucci et al. 2017 look at whether such positive impacts persist in the medium term, defined there as six years since the initial transfers.
A more limited literature on longer term impacts of PROSPERA is available, and, in general, of long-term effects studies of CCT programs. Millan et al. (2018) give a recent summary of papers investigating long-term effects of these policies. Relevant examples include: analysis on long-term effects on human capital (Barham et al. (2017) study a CCT in Nicaragua); similarly, Baez and Camacho (2011) study the long-term effects of the Colombian CCT (Familias en Accion) on human capital; similar analyses are presented in Barrera-Osorio et al. (2017) and Aizer et al. (2016) on children's longevity, educational attainment, nutritional status, and income in adulthood in the U.S. There is also a literature looking into different aspects of the transfers: conditional versus unconditional (Baird et al., 2011; Bursztyn and Coffman, 2012) , targeted versus universal (Niehaus et al., 2013) , as well as other aspects of the transfers (Haushofer and Shapiro, 2016) . However, determining aspects of the transfers is beyond the focus of our analysis.
For the case of Progresa/Oportunidades/PROSPERA, Behrman et al. (2011 ), Gertler et al. (2012 and Angelucci et al. (2017) look at the medium-term effects on consumption, human capital, and investment behavior. Later, Kugler and Rojas (2018) investigate the long-term effects on human capital and labor market outcomes for the original experimental population. Also recently Parker and Vogl (2018) focus on the children of original beneficiary households and find positive effects on human capital, assets, housing and labor market outcomes. Finally, Adhvaryu et al. (2018) study how PROSPERA protected children from early life shocks, helping them escape from potentially long-term adverse shocks.
III Potential Mechanisms
There are potentially many channels through which PROSPERA might change the lives of beneficiaries, and non-beneficiaries alike. This section is meant to present a stylized theory of change rather than a detailed account of the possible mechanisms through which PROSPERA might have long-term effects. There are potentially many such channels, which depend on whether one looks at the original beneficiary households or their offspring, so that a detailed account would be beyond the scope of this paper. However, we will build upon other authors' work to motivate our own approach and analyze our results.
As is well known, the program was designed to tackle multiple aspects of poverty and how to escape it. In particular, the program targeted education, health, and nutrition through transfers and conditionalities. It is therefore immediate to think that for the children of the original households a direct virtuous channel going through the accumulation of human capital should exist. A larger human capital would then improve the livelihoods for the treated in a stable manner. The children of the original beneficiaries are by 2017/8 adults themselves, and given the higher schooling and better health they can be more productive and earn higher incomes. Such higher permanent incomes, and human capital, would then translate into better living standards. We will confirm here that indeed PROSPERA increased the human capital, in terms of school-ing, and health of the children of the original households. There are, however, other important potential channels from i. asset accumulation, to ii. occupation, and iii. entrepreneurship. There is by now plenty of evidence on the positive effects on educational and health outcomes (Todd and Wolpin 2006; Angelucci et al. 2010; Bobonis 2009; Lalive and Cattaneo 2009; Attanasio et al. 2012; Parker and Vogl 2018) for both beneficiaries and non-beneficiaries. Also, evidence has been shown about occupational choices and investment behavior (Bianchi and Bobba 2010; Gertler et al. 2012; Angelucci et al. 2017 ). In addition, the program has proven effects on occupational mobility (Yaschine 2012) , and female empowerment and household decision processes (Attanasio and Lechene 2002 , Attanasio and Lechene 2014 , Bobonis et al. 2015 . All this literature asserts that the original households' members are more educated, and appear to have accumulated more productive assets, as well as initiated productive business activities. The general consensus emerging from the literature is that PROSPERA has achieved substantial improvements in the short to medium term as a result of higher human capital, more stable income flows, and profitable investment into assets and occupations.
We build on all this existing evidence to make the case for the long-term and intergenerational effects on our main measures of well being. In general, savings and therefore investment can rise due to a larger disposable income and reduced general uncertainty for beneficiary households. Higher incomes can afford previously unattainable investments, while lower uncertainty in terms of future income streams lowers the need for precautionary or unproductive savings, while allowing households to take more risk into business ventures (Banerjee and Duflo, 2011) . Similarly, better educated individuals might be making better long-term consumption decisions. Previously severely credit constrained beneficiary households can now start saving and investing for the long-term and their offspring.
We acknowledge that all these channels, or more, could be in operation at once. Even though we will discuss some channels when relevant, attempting to decompose the overall effects on each channel is not the purpose of the present study. Rather, we focus on estimating the overall policy effect of the program on different measures that reflect higher wellbeing. Doing so is empirically challenging given that original experiment variation provides only a small window of differential exposure. Two aspects of such differential exposure will be exploited in our analysis: first, the fact that households in experimental localities receive a larger aggregate amount and time exposure to resources. Second, in parts of the analysis we will pair this with cohort variation, which gives differential exposure at critical stages. Two meaningful examples are: educational stages in which high levels of dropouts are frequent (especially among poor recipients) and critical early developmental stages. For both cases, the literature on the program has already provided favorable evidence.
IV Data
We employ two data sources for the analysis presented here: (1) the PROSPERA panel data gathered, since 1997 all the way to 2017-2018 (on a subset of localities and individuals), for the evaluation of the initial experiment and (ii) the 2015 intercensus data collected by the National Institute of Statistics and Geography (INEGI).
IV.A PROSPERA ENCEL panel
As it is widely known, in 1997 a sample of 24,077 households in 506 rural localities was selected to implement a randomized controlled trial (RCT) in order to give robust evidence about the effects of PROSPERA (known as Progresa at that time). 6 This set of localities, chosen according to the administration of the program guidelines, where then allocated to a treatment (320 localities) and a control group (186 localities) where the eligible households in treatment group received PROSPERA's support, transfers were distributed to those eligible households who complied with the stated rules of the program, starting in the fall of 1998 while the control localities started to receive the same treatment at the very end of 1999. Such sample was followed up with a survey instrument called ENCEL in 1998 ENCEL in , 1999 ENCEL in , 2000 ENCEL in , 2003 ENCEL in and 2007 to give evidence of short and medium-run impacts of the program. In an effort to provide relevant data to evaluate the effects of PROSPERA in the long-run, the World Bank, PROSPERA and the National Institute of Public Health (INSP) partnered to gather information in 2017-2018 on a subset of that sample of participants.
ENCEL 2017-2018 sampling framework. Given the budgetary restrictions and the complexity of tracking back the original participants, which was the strategy of the previous rounds of the panel, a sub-sample of 334 localities of the 506 original localities was selected. 7 As Panel A in Table 1 shows, this first filter meant that richer eligible households in less marginalized localities would become the sample target. Each of the selected localities was visited and the surveyors looked for the 18,564 households included in the 1997 sample that inhabited that locality. The targeting strategy employed at the beginning of the program to select beneficiaries defined 12,519 of these households as eligible. We will focus our analysis in this set of households, since they provide the variation that would be relevant for the analysis. 8 Priority was given to households that had young members at the start of the data collection (1997) (1998) (1999) (2000) . In total, 7,824 eligible households were located in the 2017-18 data collection. Hereon, we 6 At the beginning of the program, priority was given to rural localities. In Mexico, rural localities are defined as those with fewer than 2,500 inhabitants. 7 Localities that were more accessible and as a result richer within the 506 original full sample were selected for the ENCEL 2017-18. A set of localities that were added in the 2003 round are not included in the sampling framework for the 2017-18 round. 8 Non-eligible households could have enrolled later to the program. However, comparing non-eligible households from treatment and control communities would involve selecting households that initially did not receive the program and were not affected by the random allocation of treatment. will refer to them as the original households, since their sampling took place back in 1997. Table 1 , shows the attrition resulting from the inability to locate some of the original households in the 334 selected localities. Larger households with more assets are more likely to be surveyed in 2017. Importantly, and central for the internal validity of the estimated effects, we show that the overall attrition described appears orthogonal to treatment (see Table  2 ). This latter result is reassuring in terms of causal identification of the treatments effects, however we should mention that those effects might not be applicable to the entire population of interest. Despite that concern we conjecture that the sampling framework adopted is likely to produce underestimates or conservative estimates of the effects as the sample, includes better off households to start with, and it is plausible that the program effects would be smaller for those households.
Panel B in
Next, using a list of all the individuals in the 1997 original households, surveyors asked for socio-demographic information about each of them, as well as for the new members living in the household (these would be offspring or other individuals entering the household after the 1997 survey round). Among the original set of individuals, a separate survey was designed for members that were in critical age groups at the time in which the program started. Three age groups of interest were then defined: (i) newborns in 1997-2000, since they were in a critical stage of development when the RCT took place; (ii) children 6 to 8 years old in 1997-2000, since they were about to enroll in school grades where the program's conditionalities are most relevant; and (iii) children in sixth grade in 1997-2000, since the program's positive effects in terms of later school enrollment appear to be concentrated in this critical grade.
Importantly, these individuals could be still living in the original households, but they could have also moved out to form a new household (or joined an existing one). Contact information was recorded to track these individuals. This search process had a geographic limitation: interviews with individuals that moved out of the original household were only attempted if they settled in the same locality as the original household, within a short range of the original household's locality 9 or in the three main metropolitan areas in Mexico (Mexico City, Monterrey and Guadalajara). As mentioned above, the households where these individuals were located could be either newly formed households (e.g. the individuals married or just decided to move out by themselves) or could be households that already existed and the individual decided to move in (e.g. moving with relatives). For the purpose of our analysis we define all these households as new households in the sense that they did not exist in the 1997 sample.
Surveyors were able to locate and interview 4,987 individuals in the relevant group ages: 2,105 of them were still in their original households and the remaining 2,882 were in new households. Of the individuals living in a new household, 4,207 interviews were not successfully completed, either because they moved to a household not accessible given the survey geographical coverage, individuals were not found in the address given to surveyors or they did not respond. In addition, a sub-sample of 1,994 individuals outside the relevant age groups was mistakenly surveyed. 10 In our analysis we use all the individuals sampled. Table 3 gives further detail about the different possibilities of sample attrition. In this table we use a logit model to relate household baseline characteristics with the probability of attrition. Even columns add the interaction of the baseline characteristics with the treatment dummy to further explore the possibility of selective attrition. In columns (1) to (4) we present evidence about the attrition of the original households, which are the foundation of the sampling design.
Columns (1) and (2) give evidence of the locality selection (similarly as in Table 1 Panel A) while columns (3) and (4) give evidence of the possibility to find respondents in the selected 334 localities. As these columns show, older head members of smaller households are more likely to be missing. This is consistent with the evidence presented in Table 1 , where we found no evidence of selective attrition. Finally, columns (5) and (6) include newly formed household attrition. Given that these households did not exist in 1997, its attrition is based on the possibility to find members in the relevant ages that moved out of the original household. In this sense, the attrition results from the 4,207 members who were searched for and not found. Section VI.A.3 does a robustness exercise where inverse probability weights are employed to adjust for attrition.
Available information. Both for original and new households, dwelling's characteristics and information on durable assets were gathered at the household level, we use such information to explore PROSPERA's long-term impacts on welfare. Individuals in the critical age groups described were asked several additional questions on income and work-related topics. An important limitation of the ENCEL 2017 data is that non-durable consumption (crucially including food consumption) is not available. This somewhat constrains our welfare analysis, especially for a poor population context, where food expenditure represents a high proportion of total expenditures. However, as an additional exercise, we propose an imputed measure on non-durable consumption expenditure, which includes food, personal products, and clothing, adapting the methodology of Blundell et al. (2005) and Attanasio and Pistaferri (2016) to the available data and context (see Appendix Section C). It is important to remind the reader that while durable consumption items are typically bigger ticket items, their purchase is infrequent, and for poor households the total expenditure on durables is typically about 20% of total expenditure, so that providing evidence on non-durable expenditure seems rather important. Table 4 gives descriptive statistics for the original and new households employed in our analysis using 1997 and 2017 data. For new households, the 1997 information corresponds to that of their respective household of origin. The comparison between 1997 and 2017 shows an increase in levels of education, greater income levels, more asset accumulation; original households aged and became more adult-based; new households are younger in general (both in terms of head age and members composition). Interestingly the proportion of female heads importantly increases. 11 Several reasons explain this change: females are the transfer recipients, this means that single-parent households would tend to be female, but also that when asked for the head 20-years after the program the likelihood of appointing the female (at least to the surveyor) is greater; overtime, female widows are more likely than male widowers; and finally upon households split it is more likely for the female to keep the children and the resources of the program. 
IV.B INEGI's 2015 Intercensus
A second part of the analysis that will be detailed in the next section uses the 2015 intercensal survey, which is collected by INEGI. 12 This survey is gathered at the midpoint between censuses and contains information on individual's income, education, dwelling's characteristics, durable asset ownership, and consumption vulnerability measures (among other things). The survey includes information from individuals in more than 6 million households from all Mexican municipalities. The access to this data with restricted geographical identifiers was obtained through INEGI's microdata lab. 13 Our analysis focuses on individuals aged 0 to 21 in 1997-2000 as those individuals had the highest potential exposure to PROSPERA. In total, we use 1,875,039 individuals in all the localities (urban and rural) from 24 Mexican states in our analysis. 14 Importantly, the use of this ulterior data source allows to look directly into measures of food consumption insecurity and resilience, while also allowing for a sharper definition of treatment status as we will explain later. At the same time with this much larger sample, we are also able to validate the results obtained from the previous data sources, larger transfers, during 6.6 additional two-month installments. However, these additional resources are not evenly distributed during the 20 year period between the start of the program and 2017, rather they are concentrated in 1998-99. As we use the initial RCT design for the analysis, the estimation of the effects of interest is rather simple and consists of the following specifications:
where T j is a dummy identifying those households living in an early treatment locality j (randomly determined), X ij is a set of controls at the household (i) and locality level (j). 16 As standard in the literature we presents results on the three specifications above to provide evidence on the robustness of the results. In equation (1) we employ a simple cross-sectional difference approach, where the parameter of interest is τ 1 in particular this approach is useful as certain outcomes (specific durable categories IT items and services) are not collected at baseline. However, even if specific outcomes are not recorded at baseline we could still implement both other approaches by replacing the baseline missing information with durable items that are correlated with the missing ones (e.g. the full set of durables). In equation (2) we use a standard difference-in-differences approach, where the parameter of interest is α 3 describing the excess variation in the outcomes between treated and controls with 1{2017 t } an indicator dummy for the 2017 wave. Equation (3) is commonly referred to as an ANCOVA specification which allows for some extra flexibility with respect to the DiD and is more appropriate from an inferential viewpoint. In the latter specification the parameter of interest is β 1 , while Y ij (1997) indicates the outcome value at baseline (1997) (see McKenzie 2012) .
Lifecycle and Intergenerational Effects. For the analysis of the lifecycle and intergenerational effects of PROSPERA, we employ a modification of equation 3, as is standard in this literature, by relating baseline outcomes (for the original household when appropriate) to current ENCEL 2017-18 outcomes. We explore the effects on mobility over generations and across treatment status using: 1997) gives the change in the outcome through time for the children with respect to their parents. Y (G2) ij (2017) is the outcome of the next generation or new households (denoted with G2) observed in 2017, while Y (G1) ij(1997) is the outcome of their parents (G1) observed at the time the program was about to start: the baseline (EN-CASEH 1997). The coefficient η 2 , is essentially one-minus-the coefficient of intergenerational persistence as it indicates the stability of outcomes across generations. In this formulation we are also interested in both η 1 and η 3 , as the first is the baseline effect of the policy with respect to control individuals or households while η 1 + η 3 is the corresponding parameter for the early treated. If we take equation (4) and replace Y (G2) ij(2017) with Y (G1) ij(2017) (parents' outcome observed in 2017), η 1 and η 3 would give information about lifecycle effects for the treatment group. Following Chetty et al. (2014) , in this analysis we employ as outcomes the relative position of the household using the percentile of three different measures: schooling, a durable asset index and income. Each percentile is calculated within groups formed by 10-year window age ranges.
V.B Analysis Using the Intercensus
To avoid the small window provided by the early versus late treatment identification, we complement the previous analysis with a difference-in-difference (DiD) strategy that employs the program's roll-out and different age groups. For this purpose, we create four groups of localities based on their enrollment year into PROSPERA: (i) E1, which indicates localities enrolling in 1997-98; (ii) E2, corresponding to entering in 1999-2001; (iii) E3, which relates to localities entering in 2002-2005; and (iv) E4, which identifies those localities entering after 2006. Early versus late enrollment comparison implies receiving more transfers, but if paired with an individual's age it might also give different incentives based on the schooling conditionality, further for those individuals whose age is above the threshold for receiving PROSPERA's transfers at the time their locality enters the program this also means that they will never be directly treated.
As poorer localities were in general treated first, we need to deal with the selection bias. Following Duflo (2001) and Parker and Vogl (2018) , we begin by taking care of the selection problem by using different cohorts, which proxy an individual's exposure to the program when interacted with the roll-out. Four cohorts are formed using individuals' ages in 2001:
(C1) 0-5 years, which corresponds to individuals who had not begun primary school when their locality enrolled, but if enrolled in 1997-98 they possibly benefited in early stages of their development.
(C2) 6-10 years, which corresponds to individuals more sensitive to their locality's date of enrollment because of the program's conditionalities. For instance, if enrolled in the early groups (before 2002) they would still be in primary school when their locality entered the program. However, if enrolled later (e.g. 2006) they are likely to be in secondary.
(C3) 11-16 years, which corresponds to individuals in critical schooling stages: if enrolled early (before 2002) they are likely in late primary or early secondary school years, but if enrolled late they are likely past this stage. Also this age range has a high likelihood of being employed by 2017-2018.
(C4) 17-22 years, which is taken as a control group since regardless of year of enrollment they are past critical stages of schooling in terms of the conditionalities, as such they will never be directly treated.
The specification for the DiD estimation is:
where Y ij is the 2015 outcomes for individual i of locality j, Ck i are the cohorts defined above, and Eq j are the localities' groups based on their year of enrollment (as defined above). Our parameters of interest are the τ 's, which correspond to the DiD estimates. For instance, in our results we will compare τ k,1 , τ k,2 , and τ k,3 , which give the effects of different levels of program exposure for a given cohort (k). In this case, keeping as reference cohort C4 means that these τ 's control for selection bias using the reference cohort C4, which is not benefited by the program regardless of the enrollment date.
In future work, our aim is to use an explicit regression discontinuity design to further relax the identifying assumptions in the program's roll-out. At the moment we use a strategy that is similar in spirit in the sense of using contiguous age groups and overtime variation in enrollment, but not exactly a full RDD based on a continuous running variable. The RDD strategy would be based on the fact that a locality marginality index was employed in the early stages of the program to determine the geographic locations where the program should be extended. Figure 1 gives evidence of how the marginality index was an important determinant of localities' program enrollment and as such can be used for an RDD strategy. These graphs show how the rollout of the program at the locality level used as reference the 1995 marginality index. The program rules established as first step towards being enrolled in the program to live in a poor rural locality. The poverty level was established using the 1995 marginality index. Each dot represents the proportion of localities with a given level of the marginality index (grouped in intervals of 0.05) that had been enrolled in the program by the specified year. The cutoff value changes on a geographical basis. Not every geographical region displays a discontinuous change in the proportion of localities enrolled. The authors did an analysis for each region (available upon request) and selected the localities in the geographical regions that seem to follow an inclusion rule based on the marginality index. These graphs restrict the observations to those selected localities.
VI Results

VI.A Original Experiment
As described above, we begin by analyzing the effects of the early versus late treatment using the 1997 original experimental design that assigned 320 of 506 localities to receive government transfers as early as 1998 and all the way to the end of 1999. We estimate equations (1), (2), (3) and present the results in the corresponding panels A to C of Tables 6 and 7 . We look at durable assets, imputed non-durable (food, personal products, and clothing) expenditures, further to income and schooling, as outcomes of interest and to original and new households, respectively, as were defined in section IV. Our interest here is to analyze the durable expenditure behavior in line with the long-term perspective of the overall report and the original spirit of the program. cases. The outcomes employed in the analysis are an aggregation (counting) of different durable goods, a different aggregation through prices for example would be problematic given the large variation in quality and vintage for durable goods. We therefore present a counting exercise on the following assets: (i) transportation, which refers to number of vehicles (cars, vans, motorcycles); (ii) entertainment, which includes TV, radio and sound equipment; (iii) kitchen supplies, which adds number of blenders, refrigerators, microwaves, gas stove or electric grills; (iv) basic housing services, which identifies having firms floor, electricity, drainage and water connection in the property; (v) IT assets, which refers to computers and cellphones; and (vi) IT and entertainment services, which include home phone, internet and pay-TV. 17 We note that as some of the IT and IT and Entertainment goods are not available in the baseline wave (1997) when we produce the analysis for such goods in the DiD and ANCOVA specifications we use as baseline measures the full aggregation of durables. Table 6 we perform a testing strategy based on the excess growth of the durable goods in treated vs. control households; while in Panel C we present a standard ANCOVA specification, i.e. where we regress follow-up outcomes on treatment and control for baseline outcomes. The results suggest that in general there are no baseline differences, confirming that the initial randomization is still valid and that the random selection of households for the last follow-up or non-differential attrition rates for the most part, see the coefficients attached to the Treatment dummy. However, in some of the cases, the treatment dummy (outcome in 1997) displays significant, yet negative, differences. The differences resulting from the passing of time (2017 dummy) shows that access to the assets has greatly improved for all items, not surprisingly given that the two waves are 20 years apart, this signals a general improvement in This table shows the long-term effects of the program on a set of variables that result from aggregating groups of durable assets and household characteristics. Observations are restricted to households from 1997 that were successfully found again in 2017 (original households). The outcomes constructed are: (1) Transportation, which adds the number of cars and vans; (2) Entertainment equipment, which gathers under entertainment equipment number of TV, radio and sound equipment; (3) Kitchen supplies, which sums the following appliances: blender, refrigerator, electric grill, gas stove or microwave oven; (4) Basic services, which consists of the availability of the following services: firm floor, electricity, drainage and water access in the property; (5) IT items, which refer to the number of computers and cellphones; and (6) IT services, which sums the home phone, internet and pay-TV; (7) the lives of the original households. Finally, we find a significant but small difference in the entertainment variable. On non-durable expenditure we find no effects.
VI.A.1 Original Households
In Panel B of
Several possible explanations could justify these results. First, as already described, our treatment definition means having additional transfers in the first year of the program, which by now was 20 years ago. These additional resources might have had an effect in the short and medium term, as several papers and reports have shown. However, such effect might not have carried through 2017. Second, we are looking at households that also existed in 1997, which means that they are predominately composed of older members and increasingly headed by females. Being mostly focused towards benefiting the next generations, PROSPERA might yield lower impacts in this older-aged group. Third, the sample might not be large enough to enable researchers to detect statistically significant differences. Fourth, we are using durable assets that in the past have been used to identify eligible (poor) households. This might motivate respondents not to respond truthfully if they believe that the survey could be used as part of the assignment process. 18 Fifth, it is notoriously complex to look at durables expenditures as these are infrequent purchases of wide quality variation, the data available so far do not include the prices of such purchases; further the available data at this stage do not include non-durable or food consumption directly, so that we resort to an imputation method which has clear advantages but also a number of disadvantages as any imputation. The imputation procedure is described, as mentioned, in Appendix C. Sixth, the original households might have passed on to their offspring some of their assets or savings and therefore we might not see a positive difference with the control households. One should bear in mind that PROSPERA by design targets children and therefore it is plausible that the main long-run positive effects are found among those who were the primary target of the policy in terms of health, nutrition, and schooling. While the original households might have had an initial bump in their incomes, that was fairly limited in the original experiment, so that eventually the original control household might have caught up. The same does not need to be true for the treated children as some of the control children, given their age and school grades, might not be affected at all by the late roll out of the program in control localities. For example, those children at the margin of dropping out of school who were in the control villages would have dropped our while their counterparts in treatment villages would have stayed in school.
VI.A.2 New Households
In this section we analyze the effects for durable goods purchase, and imputed consumption expenditures, by the new households as previously defined: these are mostly the offspring of the original households, potentially those children in 1997 that were the target of the policy. As these new households are composed by the direct beneficiaries of the program transfers, they are perhaps the most interesting group to look at. Importantly, as we describe in Table 4 the new households are younger (as expected), on average the head of household is 31 years old, and, on average, has about 5 more years of education than their parental households. Further the household size is smaller than that of the original households in 1997 with a size of about 4 members compared to 7 members for their parental household. These are in practice young households with fewer, more educated members. We also note that being an early entrant in PROSPERA is not predictive of receiving PROSPERA transfers in 2017, i.e. both offspring of early and late treated households are equally likely to receive PROSPERA in 2017. In Table  7 we present the results for these new households. An important motivation for conducting a separate analysis for these households, comes from the fact that the program has as one of its main purposes breaking the cycle of poverty transmitted from parents to sons and daughters. New households will be mostly composed of members that were children in 1997. For these households, the results are more encouraging: in the case of entertainment equipment, kitchen supplies and IT and entertainment services, the effects are positive and significant. Also, the size of the effect is non-negligible, it represents an increase in durable goods of between 7% and 16% of the "control" households. Further, on imputed consumption the effects are positive and significant at about a 5% increase in non-durable expenditure, a non-trivial effect considering the margin of treatment used here.
Given that we are looking into new households, i.e. households composed by individuals who have moved out of their original households, we need to consider that the household formation process might not be purely random. For this reason, in Table 8 we provide evidence on the strength of such selection mechanism, and we show that the program does not produce strong evidence of motivating young individuals moving out of the parental household on average (column 1 Table 8 ). In both, treatment and control, the proportion of individuals moving out from home and creating their own new household is 60%. However this average effect masks a more nuanced behavior when looking at different age groups as we do in column 2, it turns out that very young children (0-5 years old in 1997) tend to remain with the original household longer, while the older children (11-16 years old in 1997) move out earlier to form their own household. Similarly, and importantly for the program, these same older children are more likely to migrate outside the locality of birth, in fact given the magnitude of the coefficients on new household formation and migration it seems that a large fraction of the new households are formed in different locations than those of the parents. The migration behavior is once more consistent with the human capital accumulation channel, migration being part of it or simply a way to reap the benefits of higher human capital. For these reasons, we test whether those who migrated chose a large city (Mexico City, Guadalajara, or Monterrey) as typically larger cities provide more opportunities for growth (Moretti 2012; De La Roca and Puga 2017) . While this latter test is tentative in nature as it relies upon a selected sample of migrants, it would have provided some interesting thoughts, however it appears that there is no specific large correlation between being treated and moving to a big city for any of the groups. We note that the results for the new households are robust to controlling for the new household being itself a PROSPERA recipient. (3) Kitchen supplies, which sums the following appliances: blender, refrigerator, electric grill, gas stove or microwave oven; (4) Basic services, which consists of the availability of the following services: firm floor, electricity, drainage and water access in the property; (5) IT items, which refer to the number of computers and cellphones; and (6) IT services, which sums the home phone, internet and pay-TV; Table 9 shows the results from re-weighting the observations in the sample in order to replicate the results that would have been obtained without attrition. Given that attrition occurred in different forms, we produce three different comparisons. The method employed for the reweighting is the inverse probability weighting (DiNardo et al., 1996) . As a first step, a logit model of attrition with respect to a group of variables is estimated. All the observations are employed at this stage since baseline explanatory variables from the 1997 ENCASEH are used to predict attrition. Based on the results of this logit, a weighting factor is calculated to be used with the analysis sample from the previous estimations. This table shows the long-term effects of the program on a set of variables that result from aggregating groups of durable assets and household characteristics. The reweighting strategy employed is the inverse probability weight (DiNardo et al., 1996) . In Panel A observations are restricted to households included in 1997 ENCASEH (original households), while in Panel B observations are restricted to newly formed households in 2017 (new households) that were identified by searching for members no longer present in their original 1997 households. The reweighting strategy seeks to reproduce the original sample distribution. Two different target distributions are set following the attrition analysis done in Table 3 . Original Distribution means the 1997 sample, which corresponds to the original households in the 506 localities. The purpose is to make our results comparable to the vast literature that focuses on this group. Localities 2017 distribution is based on the 334 localities chosen for the sample and assumes that all the original 1997 households in those localities would have been found. The outcomes employed are: (1) Transportation, which adds the number of cars and vans;
VI.A.3 Re-weighted Estimates
(2) Entertainment equipment, which gathers under entertainment equipment number of TV, radio and sound equipment; (3) Kitchen supplies, which sums the following appliances: blender, refrigerator, electric grill, gas stove or microwave oven; (4) Basic services, which consists of the availability of the following services: firm floor, electricity, drainage and water access in the property; (5) IT items, which refer to the number of computers and cellphones; and (6) IT services, which sums the home phone, internet and pay-TV; (7) ln(imp cons), is the imputed measure of non-durable expenditure on food personal products, and clothing. Data employed comes from 1997 ENCASEH and 2017-18 ENCEL. The table shows the results from an ANCOVA estimate, which controls for the pre-existing level of the dependent variable (denoted as Y (97)). Controls include (from ENCASEH 1997): HH head age, education, speaking a dialect, HH size, % members under 15, dummies for home, productive land and draft animals ownership, and locality marginalization index. Standard errors clustered at the locality level. Asterisks indicate significance at the ***1%, **5%, and *10% level.
Panel A refers to original households. Two sources of attrition are considered, as described in section IV.A: (i) localities composition, which means that just a sub-sample of the 506 original localities was surveyed; and (ii) response attrition, which means that some households in the selected localities were not found. In the first part of Panel A (Analysis sample) we show the main results estimated with the ANCOVA for original households for comparative reasons. Next, we show the results if no attrition happened (Original distribution). This results correspond to the household distribution in 506 and we add it for comparative reasons with respect to the original literature about the program. The reweighting factor employed for this result is the one included in column (1) of Table 3 . As can be seen, no significant effects on asset accumulation are obtained for this reweighted sample. Afterwards, in the third part of Panel A, we show the results that would be obtained if we only control for the response attrition. That is, the purpose is to replicate the distribution of all the households in the selected 334 localities. The reweighting factor in this case corresponds to column (3) of Table 3 . Again, no significant effects in asset accumulation are found. These results were expected since the attrition analysis suggested that no differential attrition between treatment groups was found.
Panel B refers to the new households. For this group attrition seems to be more relevant. Attrition here refers to the impossibility of finding all the individuals in the relevant age groups that exited their households to form a new one (or joined another household). Columns (5) and (6) in Table 3 show the attrition analysis for this group. To start with, a small proportion of individuals was found (40%). Second, the attrition analysis shows some slight significant differences between treatment and control (the joint test with the interaction terms has a pvalue of 0.075). For this reason, we perform the reweighting strategy using the results from column (6) where the interaction terms were included. This reweighting factor would replicate the household distribution that would result if all the individuals in the relevant age groups that moved out of their original household were found in their new household. The results are shown in comparison to the main ANCOVA results (Analysis sample). As can be seen in the table, the results in asset accumulation are very similar to the resulting analysis with the sample found.
VI.B Youths and Intergenerational Transmission
It is paramount when looking at long-term effects of such an important program to look at the life-cycle as well as at the intergenerational effects, ultimately the long-term success of the policy will be based on the success of the offspring of the originally treated households or the children who directly benefited from the government transfers as well as the other components of the program.
VI.B.1 Effects in the Relevant Age Group
To better explore the effects on the sample of individuals that form the "next generation", we take the individuals classified in the group of interest, given their age. Recall, that this includes individuals who in 1997 were newborn, just beginning school or at sixth grade. For example, if we look at the effects of PROSPERA for those who benefit from the policy over their life, we are looking at the effect of exposure to the policy on their lifecycle outcomes. Relatedly, we could be interested in understanding whether the offspring of original households who are themselves beneficiaries of the transfers are faring better than their parents. This latter would be looking at intergenerational mobility and transmission of income, human capital, and consumption. Both dimensions are rather important as the lifecycle view will investigate whether being treated at an earlier stage of life could have long-lasting consequences (as in Hoddinott et al. 2008 and Martorell 2017) ; in the intergenerational view that is addressing the link between parents and offspring and how PROSPERA can foster upward mobility in society by improving the lives of the next generation with respect to those of their parents. Table 10 suggests that it is this group of individuals driving the positive results for the new households, since entertainment equipment, kitchen supplies, and non-durable expenditure display significant effects in this analysis with similar magnitudes to those previously found. Panel B explores the heterogeneity of the effects distinguishing between young members still living in the original household and those that formed their household. This analysis confirms our previous hypothesis: it is the case that the young members that formed their own households significantly benefit from the program. Panel C also indicates that age-wise, the individuals driving the positive results correspond to those who were 11 to 16 in 1997 (i.e. those in their critical stages of schooling, where dropout rates were more common).
Importantly, this latter analysis confirms that those children at risk of dropping out of secondary schooling were in fact retained because of the program, those are the individuals aged 11-16 in 1997, and we find sustained positive effects in durable purchases and all other outcomes exactly for this group. However, we should stress that there is also redistribution of resources within the household as also older children in 1997 those older than 16, who for the large part were excluded from the direct schooling transfers as too old, seem to have benefited with respect to their control counterpart, certainly in terms of kitchen durables but also (albeit not significant) in the other durable categories. Here we note that, as evidence of the direct channel through improved human capital, the schooling results and partly the effect on income (not significantly different from zero) build a direct connection between the policy and its long-term effects. In Panel D, we investigate whether PROSPERA provided some insurance against health shocks of the head of household, we find that the positive effects of PROSPERA on durables and non-durables are somewhat also present for those households who suffered a health shock (albeit insignificant and less robust), one should point out here that health shocks are seldom fully exogenous so that this is just a tentative correlation analysis. Finally, as shown in Panel E, the positive effects are driven mostly by migrants (but migrants not to the big cities). Interestingly, it seems to be the case that these individuals are doing better in terms of durable assets, but not in income.
VI.B.2 Intergenerational Transmission
In Table 11 we show the effects of PROSPERA on intergenerational mobility in terms of divergence of children's outcomes from their parents, perhaps one of the most relevant aspect of a long-term evaluation. For the new generation, the offspring, still living at home we find relatively little aside from a closing of the gap more pronounced for treated households in terms of income percentile. More interestingly for the newly formed households in Panel B, we find substantial evidence of improvement in the rankings of education, asset holding and income distribution; in fact the results suggest that PROSPERA also improved the general mobility so that not only the children of the better off original households appear to do better but particularly those who started lower in the distribution seem to do better (see the negative sign on the Treat *Y (G1) coefficient). These effects are economically relevant and quite encouraging as they show an upward mobility for the beneficiaries, exactly what the program aimed to achieve. 
VI.C DiD Estimates of Program Roll-out
Our second identification strategy, based on the sequential roll-out of the policy, provides additional evidence and on larger differences in exposure to the program than the experimental variation discussed so far. At the same time, the data employed in this part contain direct measures of food security and vulnerability which add another layer to our welfare analysis. Further to that, we can also test for the effect of PROSPERA on later dependency on governmental programs, this would be a test of a successful policy able to graduate its beneficiaries out of social programs. Our approach here is to produce DiD estimates similarly to Parker and Vogl (2018) , but with INEGI's 2015 intercensus data. 19 Figure 2 contains the main estimates of this strategy. Each sub-graph shows the τ estimates from equation (5), which correspond to difference-in-difference estimates. As one moves to the right through the X-axis you increase the exposure to PROSPERA (calculated by comparing 1998 to different delays to enroll) for a given cohort with respect to the cohort that should not be benefited by the program (17-22 year old individuals in 2001).
The results show positive effects on education, particularly for the cohort with the youngest members, which increases their schooling attainment between 0.5 and 1.5 additional years. For the other cohorts, the program involves an increase around 0.5 years of schooling. Regarding income, positive and significant effects are found: household per capita income increases between 2% and 8%, with largest effects for the cohort of those aged 6-10 in 2001. Positive effects are also found for a composite index of house characteristics and durable assets. When analyzing asset by asset, the largest effects are found for type of floor, washer, and cellphone. The largest effects are again found for the youngest cohort. To test for dependency on government aid, or graduation from social programs, we use, as dependent variable, a dummy equal to 1 if the household receives transfers from the government. In this case, overall the evidence suggests that longer exposure to PROSPERA decreases the dependency on government aid. Unfortunately, this measure does not distinguish PROSPERA from other type of government aid. Finally, we look at proxies for vulnerability and food security: two different measures directly addressing food consumption. One question asks whether any adult, in the household, went hungry at least once during the last month. The second question asks whether not enough money was available to purchase enough food variety. We take these two questions as proxies for food security, vulnerability, and quality of the diet. For the younger cohorts we have positive effects on this measure of food security, as those exposed longer are less likely to go hungry (although the estimates are not precise). As for food variety, larger effects are found for the youngest cohort. For them, the likelihood of not being able to buy enough variety decreases between 1 and 2 percentage points for those with longer exposure. 20 These latter two effects on 19 As explained in section V.B, these estimates are part of our current research where we seek to use an RDD design with the original rule that established that participating localities would be enrolled to the program based on a marginality index. 20 The food scarcity variables are separately asked for children and adults in the household. Similar estimates Figure 2 : DiD estimates using program's rollout by age cohorts.
These graphs show DiD estimates of the rollout of the program for the different cohorts. The coefficients plotted correspond to the τ 's in equation (5). Each dot in the graph should be interpreted as the effect of additional years of exposure to the program for a specific cohort. To form the X-axis, years of exposure are calculated by comparing entering in 1998 with respect to entering in different years. food security, coupled with the results on aid dependency, suggest that a higher exposure for those most likely to benefit from PROSPERA, with respect to their control counterpart, moved beneficiaries on a higher welfare path. There are clearly some limitations to this approach, not differently from other studies employing DiD strategies. For instance, if more capable individuals from younger cohorts migrate out of poorer locations to a larger extent, our results might reflect a self-selection problem. Parker and Vogl (2018) provide some robustness checks for the selective migration by using each individual's previous location and noting that PROSPERA does not seem to promote migration in large numbers. 21
VII Conclusions
We provide an analysis of PROSPERA's ability to improve the social and economic lives of original households and their offspring. We do so through the lens of the long-term effects of the program on the welfare of its recipients. While the study has some limitations due to the available data, as well as the limited extent of variation in treatment intensity (for the cleanest identification strategy), the long-term effects of PROSPERA are particularly encouraging for the offspring of the originally treated households. These new households, formed by young adults who were themselves direct beneficiaries of the program (when children), present higher ownership of durable assets, and larger non-durable consumption expenditure, suggesting higher welfare. These results are fully consistent with the improved human capital, through the schooling and health effects well documented by the literature on PROSPERA's short and medium-term effects. Even more importantly, these new households are climbing the economic and social ladder faster than their control counterpart. Their rank, in the relevant distribution, is certainly higher than their parents' in terms of asset holdings and income, and differentially so for the offspring of the early entrants in PROSPERA. We take this latter result as very exciting evidence of PROSPERA's ability to put beneficiaries on a positive trajectory and permanently out of poverty. Our results are fully consistent with the existing literature, given the improvements in human capital (health and education), accompanied by higher, and less volatile, income streams through savings and investment in higher returns activities. Ultimately, the success of PROSPERA should be judged upon its long-term (and permanent) effects and on its ability to lift beneficiaries, and their offspring, out of poverty, facilitating their upward mobility on the social and economic ladder. The future direction for these studies is that of acquiring larger and more detailed data to be able to augment the current evidence with other indicators, including directly measuring non-durable consumption, and providing a better understanding of the exact mechanisms behind our findings with the aid of a formal theoretical framework.
as the ones presented for adults are found for children. 21 Further work is being done by the authors at the time of writing to tackle these concerns.
Cash transfers (educational and nutritional) are delivered to the female head member of the household every two months. Families receive information suggesting how to use the transfers in order to improve the conditions of their members. However, in practice, households can freely decide how to spend the resources.
B Calibrated Long-Term Effects of a 20-Year Treatment
The evidence presented so far estimates scenarios with differential exposure to the program. However, these strategies do not provide a way to assess two versions of Mexico: one with and another without PROSPERA. To do so we borrow heavily here from previous work by Gertler et al. (2012) and propose the following thought exercise: we hypothesize that the treated households receive PROSPERA transfers according to their evolving household structure from 1998 all the way to 2017, and compare them to virtual control households, with similar characteristics, aside from the fact that they do not receive any transfer at all. In practice, the idea is to try to extend the original randomized experiment all the way to 2017. In order to do so, one needs to impose some extra structure: such as a consumption function and the evolution of assets and their returns over time.
We start from a standard consumption model where total consumption expenditure is a function of income:
C N D stands for non-durable household consumption, including food, personal products and clothing, as in Gertler et al. (2012) . Here, α 1 represents the Marginal Propensity to Consume (MPC) out of income. Given that we do not observe non-durable consumption in the ENCEL 2017-18, we rely on Gertler et al.'s (2012) estimated parameters in this section. We then define the law of motion for assets and earned income:
Y hvt = β 0 + β 1 A hvt + β 2 W ht .
where A are assets, Y is earned income, T R are government transfers (PROSPERA), W are local level wages, δ is the assets depreciation parameter. Finally, by solving the asset accumulation equation recursively, we can write our consumption function as:
So that contemporaneous consumption is a function of contemporaneous transfers, the previous transfers (as in the original article we will split the past periods in 3 long segments), the initial level of assets A hv0 , and wages W .
We employ the estimated parameters in Gertler et al. (2012) for the MPC out contemporaneous income/transfers α 1 = 0.74, for the past 12, 13-24, and over 24 months γ 1 = 0.003, γ 2 = 0.018, and γ 3 = 0.016 respectively. We then apply those estimates to actual transfers to compute the long-term effects on non-durable consumption.
This simple exercise gives us a sense of what the long-term effects of PROSPERA would be if we were to compare always versus never treated: the average non-durable consumption would increase by about 1, 100M XN per adult equivalent on average (at 2017 prices) or about 25% with respect to their baseline yearly consumption expenditure in 1997.
C Consumption Imputation
We adapt a model developed by Blundell, Pistaferri, and Preston (2005 , and (Attanasio and Pistaferri, 2016 ) that imputes household consumptionexpenditures using, theoretically grounded, demand function estimates (or approximations) based on variables consistently present across the different waves of the available ENCEL data. 24 In essence, we use durables, socio-demographic information (age, education and marital status of the head of the household, age structure and household size, locality marginality index and rural status), and food price controls, at the yearly level as found in the INEGI CPI construction series INEGI 2018, to estimate a standard demand equation for total non-durable expenditure, comprised of food, personal products and clothing, when all these consumption categories and expenses are recorded in the survey waves.
Thus, one first estimates the elasticities of demand, and applies the estimated parameters to recover the missing expenditures for our definition of non-durables. As mentioned, a strict requirement is that all the right hand side variables are present in all waves, as the imputation relies upon those variables. 25 Finally, we can internally validate our approach by comparing imputed to actual expenditures when both are available (i.e. earlier waves) so to judge the correspondence between the two measure of consumption expenditure. As we can see in Figure C .1 our imputed measure seems to perform reasonably well as the scatterplot of imputed on actual measures are concentrated along the 45-degrees line, with similar masses below and above. Further, in Table C .1 we show that selected moments of the imputed consumption (1st, 2nd, 3rd quartiles and mean) match the actual measure reasonably well and in particular for the mean and median.
More in detail. Since much consumption spending information is not available in the 2017 ENCEL, we use a model developed by Blundell et al. (2005) and its simplified version (Attanasio and Pistaferri (2016)) to impute (total) household consumption using a demand function derived from those variables consistently present in the ENCEL waves. Specifically, the method uses spending (or presence) of durables, socio-demographic information (age, education and marital status of the head of the household, age structure and household size, locality marginality index and rural status), and price controls at the local level to predict food consumption expenditure (or quantities) as well as other non-durable consumption (defined as total expenditures on personal products and clothing ). The basic idea is to estimate the relationship between consumption variables and the consistently reported demographic variables and durable purchases, and use this relationship to predict non-durable consumption expenditure in the EN-CEL2017. The model consists of the following regression, using data from waves 1998-1999 (where all the necessary variables are recorded): ln(nc it ) = Z it β + p t γ + g (f it ; θ) + u it
Here, nc it indicates our non-durable consumption measure, defined as total expenditures on food, and other non-durables defined above.
Z represents an array of dummy variables for our demographic covariates: age, education and marital status of the head of the household, rural status and age structure (at least one family member under 18 years of age and over 70 years of age). We also include continuous covariates for total number of family members and locality marginality index and interactions of household demographics and durables. We add p for price controls: the yearly CPIs for food (we can compute our CPI's using available data or rely upon the official ones). The polynomial function g(.), includes a counter of durables and the same term squared d (durables), and u is an error term.
Once the demand function is estimated for years 1998-1999, we use the estimated coefficients (parameters of the demand system) to predict non-durable consumption in all waves, including the last year.
Any imputation procedure is bound to be problematic at some level. However, the one we chose is grounded on the theory of consumer behavior rather than being a mere statistical exercise. The advantage of that approach is that it tries to explicitly account for the key factors that should drive consumption profiles, such as demographics, income, and prices. The usefulness of this procedure rests with the fact that we can provide a synthetic indicator for household welfare rather than presenting evidence on the several variables we use for the imputation. This graph show the scatter plot of imputed on actual log-transformed consumption expenditure. The measure for consumption includes expenditure on non-durables (food, tobacco and hygene products) and semi-durables (clothing, toys and kitchen items). The Data used for these estimations comes from the October 1998 and May 1999 ENCEL. Observations are restricted to households in the 3-98th consumption expenditure percentiles. The Data used for these estimations comes from the October 1998 and May 1999 ENCEL. Observations are restricted to households in the 2-99th consumption expenditure percentiles.
